In this study, the potential future changes of mean and extreme precipitation in the middle and lower Yangtze River basin (MLYRB), eastern China, are assessed using the models of phase 5 of the Coupled Model Intercomparison Project (CMIP5). Historical model simulations are first compared with observations in order to evaluate model performance. In general, the models simulate the precipitation mean and frequency better than the precipitation intensity and extremes, but still have difficulty capturing precipitation patterns over complex terrains. They tend to overestimate precipitation mean, frequency, and intensity while underestimating the extremes. After correcting for model biases, the spatial variation of mean precipitation projected by the multimodel ensemble mean (MME) is improved, so the MME after the bias correction is used to project changes for the years 2021-50 and 2071-2100 relative to 1971-2000 under two emission scenarios: RCP4.5 and RCP8.5. Results show that with global warming, precipitation will become less frequent but more intense over the MLYRB. Relative changes in extremes generally exceed those in mean precipitation. Moreover, increased precipitation extremes are also expected even in places where mean precipitation is projected to decrease in 2021-50. The overall increase in extreme precipitation could potentially lead to more frequent floods in this already flood-prone region.
Introduction
The middle and lower Yangtze River basin (MLYRB) is located in eastern China. It is one of the most important agricultural and industrial regions in China, contributing to large portions of the nation's total gross domestic product and grain production ( Fig. 1) . Flooding along the river has always been a major problem in this region, particularly during the monsoon season from May to September (Jiang et al. 2008) . Meanwhile, the relatively dense population and large cities along the river make the floods more deadly and costly (Jiang and Shi 2003) . The 1998 Yangtze River floods resulted in 3704 dead, 15 million homeless, and $26 billion (U.S. dollars) in economic loss (Wang 2001) . A significant increase in precipitation has been observed in the MLYRB in the late twentieth century. Many studies indicate that the observed increase is mostly associated with an increase of high-intensity precipitation events resulting in more frequent floods (Zhai et al. 2005) . Su et al. (2006) have observed more frequent long-duration extreme events over the MLYRB, increasing the risk of larger floods. Wu et al. (2004) suggest that humaninduced global warming may be partly responsible for more frequent and intense floods over the Yangtze River basin during the past several decades. Many studies indicate that global warming is likely to further change the precipitation patterns in the future (Hegerl et al. 2010) .Therefore, it is extremely important to examine such potential changes in both mean and extreme precipitation patterns in this important region to provide useful information for decisionmaking in climate change mitigation and adaptation. This study focuses on the MLYRB, encompassing an area from 248 to 348N and from 1088 to 1228E (Fig. 1) .
Several recent studies have evaluated the models in phase 5 of the Coupled Model Intercomparison Project (CMIP5) for their ability to simulate precipitation and used them to examine the potential precipitation changes at global and regional scales (Kharin et al. 2013; Sillmann et al. 2013a,b; Wuebbles et al. 2014) . Kharin et al. (2013) analyzed extreme precipitation events with a 20-yr return interval in CMIP5 models and found that the multimodel ensemble could simulate them well over the extratropics, but large uncertainties exist in the tropics and subtropical regions. CMIP5 models are also applied to explore future precipitation changes in China. Several studies suggest that the models underestimate the summer precipitation over eastern China (Chen and Sun 2013; Chen and Frauenfeld 2014; Huang et al. 2013) . Most studies project an increase in precipitation for the region by the end of the twenty-first century, with a greater increase in the north than in the south (Tian et al. 2015; Xu and Xu 2012) . However, most existing studies focus on the mean precipitation (Chen and Frauenfeld 2014; Tian et al. 2015; Xu and Xu 2012) . To detect the effects of warmer climate on the current and future characteristics of precipitation, it is extremely important to examine the changes in both the mean state and extreme events. Some studies examined the changes in extreme precipitation, but were limited to the use of a set of simple indices, such as those developed by the Expert Team on Climate Change Detection and Indices (ETCCDI; Chen and Sun 2015; Xu et al. 2015) . In this study, we examine the changes in extremes in more depth by incorporating statistical methods derived from the extreme value theory.
This study focuses on the MLYRB, a region with the most severe floods and high socioeconomic costs. It aims to project how future climate change will affect mean and extreme precipitation during the monsoon season, defined as from May to September for the study area. Compared with previous studies, we have made the following methodological adjustments. First, most previous studies examined the potential changes in precipitation for all of China or for large subregions, combining CMIP5 models of various spatial resolutions. Therefore, results were usually presented in a coarse resolution that did not provide sufficient spatial details for this particular region. In this study, we selected six high-resolution CMIP5 models (with cell size ranging from 18 to 1.88) and only used those as our basis for assessment. Second, instead of using raw model output data, we evaluated model biases by comparing results of historical runs with observed values and applied statistical methods to correct model biases before they were used to assess future changes. Third, we used peak over threshold (POT), a relatively new approach in statistical analysis of extreme events, to establish present and future probabilities and magnitudes of extreme precipitation events, based on which a detailed comparison could be made. Finally, many studies indicate a close connection between the East Asian summer monsoon (EASM) strength and the rainy season precipitation in the MLYRB (Li and Zeng 2002) . However, whether this relationship will remain unchanged under global warming has rarely been investigated. In this study, we examine how precipitation change is linked to changes in the EASM strength in the future. Major objectives of this study include the following: 1) Evaluate a set of high-resolution CMIP5 models on their ability to simulate mean and extreme monsoon precipitation for the study area. 2) Project future changes in mean and extreme precipitation during the monsoon season for the years 2021-50 and 2071-2100 relative to 1971-2000 under two emission scenarios: RCP4.5 and RCP8.5. 3) Examine the link between future changes in precipitation pattern and EASM.
The remainder of this paper contains three sections. Section 2 provides a brief description on the datasets and methodology used in this study. Section 3 presents results of potential changes in mean and extreme precipitation for two future time periods under two different emission scenarios. Section 4 provides a discussion of the results and major conclusions of the study. 
Data and methodology

a. Data
The outputs of six high-resolution global climate models in CMIP5 are selected in this study to project future changes of precipitation in the MLYRB (Table 1 ). These models include both retrospective twentieth century climate simulations and twenty-first century climate projections under the RCP4.5 and RCP8.5 scenarios. The historical climate simulations cover 30 years from 1971 to 2000, and the future projections are developed for both the near future (2021-50) and the long-term future (2071-2100). Most models have a resolution between 18 and 1.88of latitude/longitude.
The gridded daily precipitation for China (referred to as CN0.5) is used to evaluate the models . The data are distributed by the China Meteorological Data Sharing Service System (http://data. cma.cn/). The data have the spatial resolution of 0.58. The CN0.5 is interpolated from observations at 2472 weather stations using thin-plate spline smoothing, incorporating varying degrees of topographic dependence, with the degree of data smoothing determined by minimizing the generalized cross validation (Hutchinson 1998a,b) . All weather station data were subject to strict quality-control procedures by the China Meteorological Administration before the interpolation. Comparison between the CN0.5 and the raw station data shows high consistency and small bias between the two. However, error increases in regions where rain stations are sparse. The relatively dense station network in eastern China ensures high data quality in our study area (MLYRB) .
A subset of the data is extracted for the study area for 1971-2000, the same period as model historical runs. To facilitate comparison, all climate model data are resampled to the 0.58 3 0.58 grid as the observed data (CN05) using thin-plate smoothing spline. In addition, the monthly mean wind speed at 850 hPa data is obtained from the National Centers for Environmental Prediction-National Center In addition, we define extreme precipitation events in terms of their return intervals. In this study, we examine the present and future magnitudes of 5-and 20-yr events, derived from using the generalized Pareto distribution (GPD) based on POT series. More details of this method are presented in section 2.
2) EASM INDEX
Many indices exist to measure the EASM intensity. In this study, we use the EASM index developed by Li and Zeng (2002) , which is defined directly from monthly wind speeds. This index has been widely used in previous climate change studies (Li and Zeng 2002; Wang et al. 2008) . It is defined as follows: 
where v 1 , v i are the January climatological and monthly wind vectors at a point, respectively, and v is the mean of January and July climatological wind vectors at the same point. The norm kAk is defined as
where S denotes the domain of integration (108-408N, 1108-1408E). For example, we calculate at a point (i, j),
where a is the mean radius of the earth and u j is the latitude at the point (i, j). This index is constructed as the dynamical normalized seasonality of the wind field. It uses the magnitude of seasonal difference of the wind field as an indication of monsoon strength.
c. Methodology
1) MODEL EVALUATION
The Taylor diagram is a useful visual tool to summarize the degree of similarity between simulated and observed values of a climate field (Taylor 2001 ). This diagram displays the centered root-mean-square difference E, the correlation coefficient r, and the ratio of standard deviations s of a pair of simulated and observed values as a single point on a two-dimensional plot, so that different models can be compared and evaluated (Pincus et al. 2008) . In this study, we use the Taylor diagram to evaluate the models' ability to simulate mean and extreme precipitation during the monsoon season over MLYRB. Summary statistics for each model as well as model ensemble mean were computed with respect to the observed values.
2) CORRECT BIAS
Despite their improved performance, the CMIP5 models still contain significant biases (Knutti and Sedlá cek 2013) . Biases in GCM simulations not only affect the mean precipitation amount, but the shape of the distribution. For example, many models tend to overestimate light precipitation frequency but underestimate extreme precipitation magnitudes (Stephens et al. 2010) . Therefore, bias correction is often necessary for developing more accurate future climate projections. In this study, the quantile mapping technique was used to correct biases in the model output. Quantile mapping is a type of statistical transformation that equates cumulative distribution functions (CDFs) of observed data x o,h (F o,h ) and modeled data x m,h (F m,h ) in a historical period. This leads to the following transfer function for a modeled value x m,p in a projected future period:
wherex m,p is the bias-corrected modeled data for a projected future period; F 21 o,h is the inverse CDF (i.e., quantile function) of observed data x o,h ; F m,h is the CDF of the modeled historical data x m,h ; and x m,p is the uncorrected modeled future projection data. More details can be found in Gudmundsson et al. (2012) and Wu (2012) .
3) PEAKS OVER THRESHOLD
The probability and magnitude of extreme events are often studied through a branch of statistics known as extreme value analysis (Coles 2001) . The common approach usually involves fitting an appropriate theoretical distribution function (such as the extreme value distribution) on block maxima (minima) series. In most situations it is customary and convenient to use the annual maxima (minima). This is sometimes considered a wasteful approach to extreme value modeling if an entire time series of daily data is available (Coles 2001) . In this study, an alternative approach is used, which relies on extracting from a continuous record the peak values that exceed a certain threshold for the entire series (Pickands 1975 ). This method is generally referred to as the POT method. In this study, the threshold is set at the 95th percentile of daily precipitation values during monsoon season (Cooley and Sain 2010; Tomassini and Jacob 2009 ). For POT data, the GPD is often used to model the frequency and magnitudes of exceedances, which is also adopted in this study. Based on Coles (2001) , daily precipitations X in exceedance above a certain threshold u are well represented by a GPD with scale and shape parameters denoted by s and j, respectively (Pickands 1975) . Then, given x . u, the probability of X exceeding x is given as
If z u denotes the probability of exceeding the threshold u, the magnitude of a precipitation event with N (yr) return level z N is given by
where n y is the number of data per year.
4) DECLUSTERING
The major assumption in POT analysis is that the values of exceedances are independent (Coles 2001) . However, daily precipitation exhibits temporal dependence, which also occurs at high values. In this study, we assume that two exceedance events are independent if there is at least one day without rainfall between them. Consecutive days exceeding the threshold are treated as a single event with only the day with maximum value of the cluster kept in the series. The GPD is then fit to the declustered POT series at each grid.
Results and discussion
a. Model performance in simulating precipitation characteristics for 1971-2000
1) METRIC ANALYSIS OF MODEL PERFORMANCE
We first calculate the mean values for all precipitation indices for both modeled historical data and the observed data for 1971-2000 during the monsoon season from May to September at each grid point within the study area. Based on these values, we then calculated the summary statistics of the centered root-mean-square difference, the correlation coefficient, and the ratio of standard deviations between each pair of simulated and observed values for all models and the multimodel ensemble mean (MME). The results are plotted on the Taylor diagram (Fig. 2) . Performance varies among the different models for simulating different variables. In general, model performance is higher for mean precipitation indices (amount and frequency) and lower for extreme precipitation indices (P 5 and P 20 ). With extreme precipitation, models performed better for less extreme events (P 5 ) than more extreme events (P 20 ). In addition, modeled precipitation values have greater variance than observed for the mean precipitation and frequency, as indicated by the s larger than 1. On the other hand, s is smaller than 1 for extreme precipitation and precipitation intensity, suggesting less variance in modeled values than observed values for these variables.
The impact of model resolution on its ability to simulate precipitation has been widely discussed in previous studies with inconclusive results. Some suggest higherresolution models produce better results, particularly regarding extreme precipitation (Huang et al. 2013; Wehner et al. 2010 ). Others find no evident impact of the model horizontal resolution on its performance in simulating precipitation (Chen and Frauenfeld 2014; Song and Zhou 2014) . Our analysis uses six relatively highresolution GCMs. Among them, the model with the highest resolution, CCSM4, has the best performance for simulating the mean state precipitation, that is, mean, frequency, and intensity. However, for the extreme events (P 5 and P 20 ), CCSM4 performs poorly, whereas the lowest-resolution model (CSIRO Mk3.6.0) outperforms all others. These results show that higher resolution does not necessarily lead to the improvement in simulating precipitation, suggesting that resolution may not be the only limiting factor in the simulation, and that other factors such as model parameterization and model physics schemes are also important in the simulation monsoon system (Chen et al. 2010) . In this study, the MME generally outperforms any individual models for most indices. Sillmann et al. (2013a) suggest that averaging across a range of models reduces some systematic errors in individual models. On the other hand, Knutti et al. (2010) indicate that such averaging could lead to the loss of information.
2) PRECIPITATION SPATIAL PATTERNS
As it has the best overall performance, we use MME to evaluate models' ability to simulate the spatial pattern for monsoon precipitation in the study area (MLYRB). Figure 3 shows the spatial patterns of all precipitation indices for the observed values, MME values, and the difference between them (bias). In summer, MLYRB is under the influence of the EASM, which transports moisture from the South China Sea to inland regions. Therefore, precipitation should be high in the south and gradually decrease northward as it gets farther away from the moisture source ). As we can see, MME can capture this characteristic. In reality, the complex terrain (Fig. 1 ) disrupts this general pattern, causing high precipitation over the mountainous regions in the eastern and western MLYRB because of orographic lifting and less precipitation in the rainshadow region in central MLYRB. In general, the CMIP5 models and MME fail to simulate the complex precipitation pattern in mountainous regions because of the coarse resolutions of the climate models, which makes it difficult to resolve complex topography. A more detailed discussion on how spatial resolution impacts model performance is provided in the supplemental material (section S1).
In general, compared with observations, the CMIP5 MME tends to overestimate the mean monsoon precipitation over MLYRB, with an area-weighted bias of 10.2%. This is largely due to the overestimation of the precipitation frequency (9.2%), with slight overestimation of intensity (2.1%). Spatially, the overestimation of precipitation occurs mainly in the rain-shadow area of highelevation regions, such as in the plains of Hubei Province and Hunan Province and the south of MLYRB. Chen and Sun (2013) indicate that the overestimation is mainly due NOVEMBER 2016 W U E T A L .
to the large positive bias of the frequency of light precipitation (precipitation ,10 mm day
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). Stephens et al. (2010) suggest precipitation is simulated too often and too lightly in climate models. Our results show that, despite the overestimation of mean precipitation, the MME underestimates extreme precipitation events, with an areaweighted bias at 29.3% for P 5 and 26.6% for P 20 . Even though the overall bias is mostly less than 10%, it is highly variable spatially for both mean and extreme precipitation (Table 2) .
Based on the above analysis, we can see the MME does not capture well the spatial patterns of observed precipitation, particularly for the extreme events. The bias between the MME and observation is highly spatially variable. So in order to establish more reliable projections required for local climate impact assessment, it is necessary to correct the bias of the raw model output.
b. Projected future precipitation changes for the monsoon season Figure 4 shows the spatial changes in the MME projections after the bias correction of mean and extreme precipitation during the monsoon season, as percentage change of simulated values in 2021-50 and 2071-2100 relative to the 1971-2000 reference period under the RCP4.5 and RCP8.5 emission scenarios. A detailed examination on the impact of bias correction on model results is provided in the supplemental material (section S2). In the near future, mean precipitation is likely to increase slightly for the whole study area under both RCPs (2.0% for RCP4.5 and 0.6% for RCP8.5), but with great spatial variability. Although the mean precipitation is increasing under both emission scenarios, a decrease is also found at some parts of this region. Precipitation frequency is projected to decrease slightly (20.3%) for the study area as a whole under RCP4.5, but decrease more significantly over the entire study area under RCP8.5 at 22.7%. Precipitation intensity is projected to increase by 6.2% under RCP4.5 and 7.4% under RCP8.5. The projected increases in extreme precipitation are substantially larger. The P 5 magnitude is expected to increase by 25.5% in RCP4.5 and 29.2% in RCP8.5, whereas P 20 will increase by 27.9% in RCP4.5 and 32.7% in RCP8.5. In addition, the increase in P 5 and P 20 occurs over the entire study area, with the largest increases in the northwest of the region. The MME projects a similar spatial pattern under the two RCPs, but with more increase under RCP8.5.
Compared with the near future, the precipitation changes projected for the end of the twenty-first century show similar directions but with greater magnitudes. In addition, there are increasing differences in the projected changes between the two scenarios for the end of the century, with RCP8.5 showing much greater changes than RCP4.5. By the end of the century, the mean precipitation is expected to increase by 3.7% under RCP4.5 and 7.3% under RCP8.5. Precipitation frequency is projected to decrease by 23.5% under RCP4.5 and 26.3% under RCP8.5. Precipitation intensity is likely to increase moderately (11.6%) under RCP4.5, but much more significantly (19%) under RCP8.5. Extreme precipitation events are projected to increase at a much greater extent. The P 5 is likely to increase by 42.3% under RCP4.5 and 60.4% under RCP8.5, whereas P 20 is likely to increase by 47.5% under RCP4.5 and by 66.7% under RCP8.5. The projected changes are consistent with previous studies such as Chen and Sun (2013) . In general, relative increases in the extreme precipitation far exceed those in mean precipitation under both RCPs in the twentyfirst century over MLYRB. Such amplified changes in extreme events are also reported by previous studies, such as Sillmann et al. (2013b) for global precipitation change and Feng et al. (2011) for precipitation change in China. In addition, increases in extreme precipitation could also occur in places over MLYRB where mean precipitation is reduced; for example, in the near future the mean precipitation shows a decrease at some parts of MLYRB, while extremes show an increase over the entire MLYRB. Similar results are also found in other places, such as over the subtropics (Emori and Brown 2005) , implying that change in mean precipitation is a poor predictor of changes in extreme events. Therefore, it was very important to explore the change in both mean and extreme events, as we did in this study. Our results were largely consistent with previous studies, although the magnitudes of change might differ owing to different methodology applied.
c. The role of the EASM
Owing to its geographical location, the MLYRB experiences distinct monsoonal climate with a great amount of monsoon precipitation in summer. Changes in the EASM are directly related to the floods and droughts in this region. Many previous studies found a close relationship between the EASM intensity and monsoon precipitation over eastern China, particularly the MLYRB (Li and Zeng 2002; Wu et al. 2016) . The current results show that there is negative correlation between monsoon precipitation and the strength of the EASM over the MLYRB (Chan and Zhou 2005; Wang and Yan 2009 ). This correlation turns positive in northern China. The physical mechanism for this relationship is relatively well understood. Eastern China is dominated by the East Asian monsoon (EAM), caused by the differential solar heating and thermal inertia of land and ocean that establish a land-sea temperature difference. In the summer, this temperature difference triggers the EASM, a low-level flow of moisture from the Pacific Ocean to eastern China. This causes early summer heavy rainfall events along the quasi-stationary mei-yu rain belt, which slowly moves from south to north. The monsoonal rain belt starts in southern China between April and May, moves to the middle part of eastern China (Yangtze and Huai He River basins) in May and July, and moves to northern China in July and August, bringing with it consistent rainfall. Therefore, the rainfall distribution of these regions is closely related to EASM variations. In years when EASM is stronger than usual, the rain belt is pushed farther north, resulting in higher than normal precipitation in northern China and drier conditions in southern China. When EASM is weaker, the rain belt stagnates in southern locations. Northern China then experiences dry conditions, whereas central and southeastern China have higher levels of rainfall. We calculate the annual series of EASM index using monthly mean wind speed at 850-hPa data from both the NCEP-NCAR reanalyses dataset and CMIP5 modeled values for the period from 1971 to 2000, and the results are shown in Fig. 5 and Table 3 .
Our results show that the observed EASM intensity exhibits a decreasing trend during the period 1971-2000 (Fig. 5) , consistent with previous studies showing the weakening of EASM (Wu et al. 2016 ). All models except CCSM4 capture this declining trend with varied Figs. 6a and 6b. They show that monsoon precipitation is negatively correlated with the EASM for most of the MLYRB, but the correlation turns positive toward the southern part of the region. The MME data capture the negative correlation in the northwest, but the correlation starts to turn positive from the midsection of the study region. Overall, the MME does not simulate well the temporal variation of the EASM intensity or the spatial distribution of the correlation between the EASM and monsoon precipitation. Despite the poor model performance, we still explore the future changes of the EASM, and whether the relationship between the EASM and precipitation over MLYRB remains unchanged under global warming. We project the changes in EASM intensity using MME under the RCP4.5 and RCP8.5 emission scenario for 2021-50 and 2071-2100 relative to the 1971-2000 reference period. Results show that the EASM intensity is likely to increase over the twenty-first century. For the near future, it will increase by 2.1% for RCP4.5 and 19.7% for RCP8.5. For the end of the twenty-first century, it will increase by 14.2% for RCP4.5 and 14.8% for RCP8.5. Climate change has the potential to change the EAM circulation pattern. Initial hypotheses suggest that by warming land more than ocean, present climate change could increase the land-ocean temperature difference, enhancing the summer monsoon and weakening the winter monsoon. The monsoon intensity, especially the EASM intensity, are projected to increase in most of the individual CMIP5/CMIP3 models in the twenty-first century under future warming scenarios (Hsu et al. 2012; Hu et al. 2000) , which lead to the monsoon precipitation increase over East Asia as a whole (Qing 2012; Chen and Sun 2013; Lee and Wang 2014) . The IPCC AR5 report also indicated that, based on CMIP5 model projections, there is medium confidence that, with an intensified East Asian summer monsoon, summer precipitation over East Asia will increase. As our analysis shows, precipitation is also likely to increase over the MLYRB before and after the bias correction. Monsoon season precipitation is negatively correlated with EASM strength in the observed historical data. If this relationship persists, we should project EASM and precipitation change in different directions. However, both EASM strength and mean precipitation are projected to increase in the twenty-first century under both RCP scenarios. This seems to suggest that the significant negative correlation between EASM intensity and summer precipitation in the history may no longer exist in the future under the global warming based on the CMIP5 models over MLYRB. However, since the CMIP5 MME does not simulate well the EASM intensity in historical runs, there is great uncertainty as to whether the CMIP5 models can accurately project the EASM intensity change in the future. Moreover, there was no consistent result in previous studies for the future EASM intensity change under the global warming. For example, whereas Lee and Wang (2014) and IPCC AR5 report projected increase in EASM intensity in the future, Jiang and Tian (2013) found no significant change. Furthermore, they indicated that future EASM changes are often model and index dependent, suggesting inadequacy in the models' ability to accurately simulate the EASM. Therefore, the absence of negative correlation between the EASM and precipitation in the twenty-first century projections could either be caused by a change of the existing relationship under the global warming or the inadequacy of CMIP5 models to capture and project this relationship.
Conclusions
The study first assesses the performance of the CMIP5 models in simulating the mean and extreme precipitation using model output and observed daily values from 1971 to 2000 over the MLYRB. In general the MME outperforms individual models. In terms of spatial patterns, the MME is able to capture the general precipitation gradient over the MLYRB, but not the more complex features associated with orographic precipitation in mountainous regions. The MME shows a positive bias for mean precipitation largely due to overestimation in the rain-shadow regions on the leeward side of mountains. In addition, the MME tends to overestimate the frequency more than intensity over the entire region. In contrast to mean precipitation, the MME underestimated extreme events by 29.3% for P 5 and 26.6% for P 20 for the whole region, but the bias was spatially variable. Based on this assessment, we first correct the model bias through quantile mapping before the results are used to project future changes. The bias correction technique can improve the spatial distribution of precipitation projected by the MME, which can potentially increase the accuracy of predictions of changes in precipitation. Thus, the MME after bias correction is used to project future changes in mean and extreme precipitation in the monsoon season over the study area. These changes are projected under two emission scenarios, RCP4.5 and RCP8.5, for the near future (2021-50) and the long-term future (2071-2100), relative to 1971-2000. In the twenty-first century, the models indicate that the monsoon precipitation is likely to get less frequent but more intense under global warming over the MLYRB. Extreme precipitation is projected to increase more than mean precipitation, with even greater relative changes for more extreme events (P 20 ). The directions of change in mean and extreme precipitation are largely consistent under both emission scenarios, but greater magnitudes of change are projected under the high-emission scenario (RCP8.5). These changes could potentially lead to more devastating floods for this already flood-prone region.
Previous studies suggest a close connection between the weakening of the EASM and the increasing mean and extreme monsoon precipitation over the MLYRB during the past decades based on the observation (Li and Zeng 2002; Wu et al. 2016) . In this study, we further examine the EASM changes and its relation to precipitation change in CMIP5 models. We find that the CMIP5 models do not simulate well the temporal variation of the EASM and the relationship between the EASM and precipitation over MLYRB. Moreover, the negative correlation between the EASM intensity and summer precipitation over the study area is not observed in model output for the twenty-first century under the global warming scenarios. CMIP5 models project increase for both the EASM and summer precipitation.
This inconsistency could be caused by either or both of the following two factors. First, climate models have poor performance simulating spatial distribution of monsoon precipitation and therefore could not capture negative correlation between EASM intensity and precipitation within the study area. Such correlation was not found in the historical runs of climate models. Therefore, the absence of such a relationship in the future could be caused by uncertainties in the performance of climate models. Second, although precipitation in the MLYRB is negatively correlated with EASM intensity, it can be affected by other factors. With intensified monsoon, although the rain belt could be pushed farther northward, other factors, such as general moistening of the atmosphere with higher temperature, could still lead to an increase in precipitation, therefore masking this negative correlation in the future. Further study is needed to evaluate possible changes of the EASM and its connection with the monsoon precipitation in the future with global warming.
Despite some problems with the simulating precipitation over the MLYRB, the CMIP5 models seem to provide relatively robust results of increasing mean and extreme precipitation in the study area. These results could provide critical information for society's longterm planning and adaptation strategies in this economically important flood-prone region in China.
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